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Announcements

Please sign up for Presentation/Scribe by this Friday (5pm PT)


Deadline updates for two classes:

Reading response for Jan 17th, due on Tuesday, Jan 17th 8am PT

Reading response for Feb 21th, due on Sunday, Feb 19th 5pm PT


See Canvas email for computing credits  


Example reading response and presentation can be found on Canvas. 
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Clarification regarding Presentation

10~15 pages of slides


Only 10% of your grade 
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Attributes
CS224C


NLP for Computational 
Social Science

CS224U: Natural 
Language 

Understanding

CS224N: Deep 
Learning for NLP

CS124: From Language 
to Information

CS384: Ethical & 
Social Issues in NLP

Audiences Undergrad, Grad, and 
Non-CS major Undergrad, Grad Undergrad, Grad Undergrad Grad

Suggested

Prerequistes CS106B or equivalent

One of LINGUIST 
180/280, CS 124, CS 

224N, or CS 224S

 Calculus and linear 
algebra; CS124, 

CS221, or CS229.
CS106B CS224U or CS224N

Evaluation Project, Quiz, Reading Homework, Quiz, 
Project Homework, Project Programming homework, 

quiz, midterm Homework, Project

Keywords Applications in NLP

Social science 

Hands-on NLP

Linguistics

Advanced NLP

Deep Learning

Introduction to NLP, IR 
Social Networks Ethics in NLP

Format Pre-recorded Lectures

Discussion

Lectures, Working 
Sessions, Podcast

Lectures

Working Sessions Flipped Class Discussion

Interdisciplinary ***** *** * *** *****

Example Topics

NLP basics, cause 
inference, hypothesis 

testing, social influence, 
prosocial behavior, 

stigma/social movement

Word embedding, 
BERT, rational 

speech acts model, 
analysis methods in 

NLP, neural IR

Word vectors, 
language model, 
neural networks, 

parsing, pretraining, 
prompting, QA 

Logistic regression, 
sentiment, IR, neural 
networks, chatbots,  

recommender systems, 
Pagerank and networks

Bias in NLP data and 
models, privacy, 
toxicity/abuse, 

fairness, stereotypes, 
propaganda
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Computational Social Science in a nutshell

5

Data Algorithm Problem{
Knowledge

Impact
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Lecture Overview

✦ Classification

✦ Regression

✦ Clustering

✦ Big Data + CSS
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Computational 
Framework
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Use of Classification or Regression

Two major uses of supervised classification/regression


Prediction: 

Train a model on a sample of data  to predict for some new data 


Interpretation or Explanation:

Train a model on a sample of data  to understand the relationship 
between  and 

(x, y) x′￼

(x, y)
x y

Slide content credit to David Bamman
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Common Methods

Classification                                Clustering                                     Regression 
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Classification 

A mapping  from input data  (drawn from instance space ) to a label  from 
some enumerable output space 


 = set of all documents

 = {English, Mandarin, Greek, …}

 = a single document

 = ancient Greek


h x X y
Y

X
Y
x
y
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Reviews and Ratings
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Some Text Classification Applications

Task x y
Language identification text {English, Mandarin, Greek, …}

Spam classification email {spam, not spam}
Authorship attribution text {jk rowling, james joyce, …}

Genre classification novel {detective, romance, gothic, …}
Sentiment classification text {positive, negative, neutral, mixed}
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How to Perform Classification?

If we have a lot of data points  


Rule-based approaches


Supervised learning 

(x, y)
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Lots of Model Choices

Decision 
Trees

Random 
Forests

Neural Nets 
(e.g., BERT)

Logistic 
Regression

Support 
Vector 

Machine
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Model Differences

Binary Classification

One out of 2 labels applied to a given x


Multiclass Classification

One out of N labels applied to a given x


Multilabel Classification 

Multiple labels apply to a given x

Slide content credit to David Bamman

16



Recognizing A Classification Problem

Can you formulate your question as a choice among some possible classes?


Can you create (or find) labeled data that marks that choice for a bunch of 
examples? Can you make that choice?


Can you create features that might help in distinguishing those classes?
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Bag of Words
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Beyond the Bag of Words

Some linguistic phenomena require going beyond the bag-of-words:


‣ That’s not bad for the first day


‣ This is not the worst thing that can happen


‣ It would be nice if you acted like you understood


‣ This film should be brilliant. The actors are first grade. Stallone plays a 
happy, wonderful man. His sweet wife is beautiful and adores him. He 
has a fascinating gift for living life fully. It sounds like a great plot, 
however, the film is a failure. 

19



Applying Text Classification

The “raw” form of text is usually a sequence of characters


Converting this into a meaningful feature vector 𝑥 requires a series of design 
decisions, such as tokenization, normalization, and filtering
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Regression 
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Regression

A mapping from input data  (drawn from 
instance space ) to a point  in 


: the set of real numbers


 = the empire state building

 = 17444.5625’’

x
X y R

R

x
y

Slide content credit to David Bamman
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Linear Regression

Suppose we have  data points. For each data 
point , we observe 





Linear regression states that   

n
i

(x1, y1), (x2, y2), (x3, y3), . . . , (xn, yn)

̂yi =
F

∑
i=1

xiβi

Slide content credit to David Bamman
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Regression for Social Sciences
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Regression for Social Sciences

Regression analysis is a very useful tool for social sciences


✦ Understand the relationship between variables, adjusting for other 
potential confounders 


✦ Predict the value of one variable based on others
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In Other Terminology 

y = β0 + β1x1 + β2x2

Dependent 
Variable

Independent 
Variable

Independent 
Variable

Intersect
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How good is the Fit?

Mean squared error (MSE)    


Mean absolute error (MAE)   

1
N

N

∑
i=1

( ̂yi − yi)2

1
N

N

∑
i=1

| ̂yi − yi |
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Clustering 
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Clustering

Group a set of data points into a 
number of clusters, so that


‣ Data points in the same cluster 
are similar to each other


‣ Data points in different clusters 
are dissimilar  

https://graphalchemist.github.io/Alchemy/images/features/cluster_team.png
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Clustering

Finding structures in 
data, using just X

https://graphalchemist.github.io/Alchemy/images/features/cluster_team.png
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What are Structures?

Partitioning a group of data point into K disjoint sets (K-means clustering)


Assigning X to hierarchical structures (Hierarchical clustering)


Assigning X to partial membership in K different sets (Graphic models, GMM)


Learning a representation of  that puts similar data points closer to each other 
(Deep learning) 

x

Slide content credit to David Bamman
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Why and when do I need clustering?

Discovering interesting or unexpected structures can be useful for 
hypothesis generation


Unsupervised learning generates alternative representation as features for 
some subsequent supervised models

Slide content credit to David Bamman
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The structure of the White Helmets discourse has two clear clusters of accounts—a pro-White Helmets cluster that 
supports the organization and an anti-White Helmets cluster that criticizes them, using Twitter conversations.

Wilson, Tom, and Kate Starbird. "Cross-platform disinformation campaigns: lessons learned and next steps." Harvard Kennedy School Misinformation Review 1, no. 1 (2020).
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Key Design Choices for Clustering

How to represent each data point?


How to calculate the similarity between data points?


What is the number of clusters to use?


How can we evaluate the resulting clusters? 
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Is it a classification/regression/clustering problem?

I want to predict a star value {1,2,3,4,5} for a product review


I want to find all of the texts that have allusions to Paradise Lost


I want to predict the stock price


I want to tell which team will win


I want to associate photographs of cats with animals in a taxonomic hierarchy


I want to reconstruct an evolutionary tree for languages 
Slide content credit to David Bamman
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Computational Social Science in the Age of Big Data
danah boyd and Kate Crawford (2012), “Critical Questions for Big Data,” Information, Communication and Society
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1 “Big data” changes the definition of knowledge

How do computational methods/quantitative analysis pragmatically affect 
epistemology? 


Restricted to what data is available (twitter, data that’s digitized, google books, 
etc.). How do we counter this in experimental designs?


Establishes alternative norms for what “research” looks like
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2 Claims to objectivity and accuracy are misleading

Data collection, selection process is subjective, reflecting belief in what matters.


Model design is likewise subjective

model choice (classification vs. clustering etc.)

representation of data

feature selection


Claims need to match the sampling bias of the data
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3 Bigger data is not always better data

Uncertainty about its source or selection mechanism [Twitter, Google books]


Appropriateness for question under examination


How did the data you have get there? 


Are there other ways to solicit the data you need?


Remember the value of small data: individual examples and case studies
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4 Taken out of context, big data loses its meaning

A representation (through features) is a necessary approximation; what are the 
consequences of that approximation?


Example: quantitative measures of “tie strength” and its interpretation
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5 Just because it is accessible does not make it ethical

Anonymization practices for sensitive data (even if born public)


Accountability both to research practice and to subjects of analysis
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6 Limited access to big data creates new digital divides

Inequalities in access to data and the production of knowledge 


Privileging of skills required to produce knowledge
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What’s Next?

Mike Hardy and Jiner Zheng leading the discussion on Social Influence - 
Emotion Contagion next Tuesday!


Sign up for presentation/scribes! 


Pre-recorded video on Working with Text Data will be released on Jan 17th. 
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